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ABSTRACT

The incomplete-data is the critical problem in the medical environment. In this
paper, we provide the data-repairing technique in order to get more information from the
primitive data. First, the application exists originally in data in implicit information-
relation of the features, and combined expert's domain knowledge, making it create the
features to repair the structure. Using the method that Function Approximation is the
application in the foundation of Neural Network to fill block of incomplete-dataset up.
And the one of excellent method in the classification - support vector machine, judges
examination this research it repairs the mechanism of result. This research evaluates the
feasibility that data-repairing mechanism is with two of the category types. The first type
isoneself the type of data set that data structure is compl ete; the purpose is a convenience
examination data to repair the result of mechanism. Make by factitiousness that it's the
content of data set and become the data field of having the missing. For ssimulating the
status of missing-data, simulated the mass incomplete-data, medium degree incomplete
-data respectively, and alittle incomplete-data. There are three kinds of scenarios, hoping
can also suit redlistic status of the incomplete-dataset. The second type data would be to
in concert with the medical data of the collections with the hospital physically, using to
be used as the data to be the substantial evidence of data-repairing mechanism.

Identification that this research, the incomplete dataset that factitiousness makes
repairs the mechanism to fill its blank space of incomplete-data with the data-repairing
mechanism. Repair with the incomplete-data later on its data supports the vector machine
in order to be used as the classification, the result is obvious. After explaining application
this mechanism, have the obvious increment for the right judgment of the data.

Keywords. Repairing-Data, Function Approximation, Neural Network, Mutual
Information, Support Vector Machine
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1.1

1.2

(Missing Data)

(Incomplete Data)
(Data Mining)



1.3

Network ; ANN)

Information ; MI)

Information)

(feature)

(Support Vector Machine ; SVM)

(Artificial Neural

(Function Approximation ; FA)

(Mutual

(Mutual



1.4

!
!
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Information)

(Function Approximation)

(Support Vector Machine)

2.1 Incomplete Data

2.1.1

Incomplete Data

2.1.2

91)
(1) Missing Values

experimental unit

(Mutual
(ANN)



Missing Values

(2) Non - Response Data
Missing Values

Non - Response Data

Non - Response Data
Item Non - Response Data

Non - Response Data

3) Censored Data

Censored Data



4)

()

2.13

(1)

2)

3)

Truncated Data

Truncated Data

Latent Variable

Common factor

(Ngetal., 1998)

C )
(record )
C )
( feature )
( Record substitution )
( data set )

( Mean substitution )



C. ( Cold deck imputation )

d. ( Regression imputation )

2.2

(1)  (entropy)

(2) (mutual information)
3) (discrimination)
X
(message channel) X
X Pk X=X%)

(%) = 10g(pL) - —log p,

k

X=X 1(%)

(uncertainty)

2.2

(Blahut, 1987)

(

2.1)

1(%)



(information gain) I(X,)
(Haykin, 1999)
1. I(x)=0, for p,=1
X J

2. I(x,) =0, for 0< p, <1
X (>0)
(=0)
3. I(x)>I(x), for p < p,

1(%) Py X H(X)
( 2.1 X Y
HX[Y)( 2.2) H(X|Y) Y X
H(X)-H(X[|Y) Y
I(X,Y) X Y
H(X) = E[(1 (%)= PJ (%)== p,log p, ( 2.2
H(X[Y) = H(X.Y) = H(Y) 2.3
L(X,Y)=H(X)-H(X]Y) ( 2.4
X Y 1(X;Y)
1(X;Y)

(Cover and Thomas, 1991; Gary, 1990)
X Y (symmetric) I(X,Y)=I(Y,X)
X Y (nonnegative) I(X,Y) >0



X Y Y 2.5
L(X,Y)=H()-H(X]Y)

(
2.3 -
(Artificial Neural Network)
(Back propagation)
2.3.1
(Neuron)
10" 10"
a. Soma
b. Axon

C. Dendrites

( 2.5)

(Neuron)



d. Synapse

2.1
. 1:{._ ("
J D e
> 'I-"“‘i;" Boady
4 % -
.4
. I -.L:--::.I“h :
A\
2.1
232
2.2
( 2.6)
y(t):f(zn:vvi-x(t)—ej ( 2.6
i=1
W
X
0

10



Threshold (or bias) @

z f () output
Input < ZK W
233
Classification Prediction Optimization

Supervised Learning Network Unsupervised

Learning Network Associate Learning Network
Optimization Application Network

234

Recurrent Network Feed-forward Network

1

Hopfield Neural Network

11



Input Layer
Layer

235

2.3.6

Hyperbolic Tangent Function

12

Layer
Hidden Layer Output

Back propagation Network

(Transfer Function)

Sigmoid Function

Linear Function



2.3.7

Real Output
Desired Output

2.7

Energy Function

2.3.8

13

(

2.7)



2.3.9

2.3.10 -
(energy function)
(objective fuction) (performance measure)
(O1) (T1)
(steepest descent method)
(Tarun, 1990)
(Dayhoft, 1990)
1. (forword-propagation step)
| 2
E:E[Z(Ti -0,)] ( 2.8)
2. (backward-propagation step)

14



(Nielsen, 1989; Stinchombe and White, 1989, Hornic et al., 1989)

2.4 (Support Vector Machine)
(Support Vector Machine)(Vapnik 1998)
Vladimir Vapnik 1979 1998
(machine learning) (pattern
classification) (regression) (training
error) (testing error)
2.4.1 SVM
SVM
X (attribute)
y +1 -1 (class)
D (decision function)
D(x)=(w-X)+w, ( 2.9
vv=iZy,-x
2.4.2 (pattern classification)
X (
+1  -1) (training data)
(hyperplane) 2.3
woow,
(test data) x D(x)> 0

+1  DX<0 -1

15



\N o ©
" N\
Em \
VAN
hyperplane

2.3SVM 1

243 (margin)  Support Vector

Hyperplane  D(x) =0 hyperplane
support vector support vector Decision function
Dx) =1 D(x) = -1 2.4
Decision function 1 -1

Decision function 1 -1

A
\ A \\ \ D(x) =.1:u-‘+x}+u-g =+1
\ T

margin: —
\ g ""”I @)

D(x) = (WwXx)tw, =

Supp
Vectqg

D(X) =(WX)+vy=0 hyperplane
2.4 SVM 2
Support vector ~ hyperplane L/|[w]|

hyperplane SVM

16



margin = 2/||w|| hyperplane hyperplane

hyperplane hyperplane
2.44 (feature space)
(map) 2.5
SVM
®:R">R",m>n ( 2.10)
(inner product)
2.11
SVM kernel function
Kernel function
k(x,y):CD(x)-CD(xj) ( 2.11)
SVM kernel function
Simple dot:  K(X,y)=X-y ( 2.12)
Polynomial :  k(x,y)=(x-y+1)° ( 2.13)
~[x-
Radial basis function :  k(x, y)=exp{szj ( 2.14)

Sigmoid kernel :  k(x,y)=tanh(k(x-y)-©) ( 2.15)

17



X
X X
X
o
0 o ° X
e
X
2.5
2.4.5 LIBSVM
LIBSVM(Chih-Jen Lin,2003)
Machines
LIBSVM

18
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D(x)
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3.1

(D
0 1
(2)
Missing data
3)
3.2
Microsoft Access  Microsoft
Excel Microsoft Excel
MATLAB
Windows XP Professional MATLAB
MATLAB
(Mutual Information) MATLAB
MATLAB

( Neural Network Toolbox )
LIBSVM
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A 4

A 4

(FA)

\ 4

e
v
v

A4

A 4

3.2
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3.3.1

Microsoft Excel Microsoft Access
MATLAB Microsoft Excel
Microsoft Excel
Microsoft Excel VBA
Excel
MATLAB NaN(Not a Number) 3.3

31 . 5 " -
= b Lray Editor: & sndss

File Edit ¥Wiew Web Window Help

5 gl Numericfnrmat:lsh.:.rtG VI | x|

1 2 3 4 il
1 1 Mah fal Mah
2 2 Mah Mah Mah
3 2 MWah [EN] Mah
4 = Mah =] Mah
5 2 Mah fal Mah
] 2 Mah a 10
7 2 Mah Mah 10
a ) R o LVLI

3.3 MATLAB

22



3.3.2

23

( 3.1
3.1
Feature | Feature | Feature | Feature | Feature | Feature | Feature | Feature

1 2 3 4 5 6 7 8
A 2 9 5 4 12 4 10
B 2 5 5 4 2
C 3 9 5 4 4 4 2
D 2 9 5 4 5 1
E 2 5 5 4 2
F 2 9 4 5 5 2
G 2 9 5 4 5

(complete) Featurel
(incomplete)
Featurel
Featurel Feature3 Featured

Feature5 Feature7 Feature8

( 3.2

3.3)




3.2 1(Featurel,Feature2,Feature4)

Featurel | Feature3 | Feature4
A 2 5
B 2 5 5
C 3 5 4
D 2 5 4
E 2 5 5
F 2 4
G 2 5 4
I( 3.2)
( 3.1
4
3.3 2(Feature5,Feature7,FeatureS)
Feature5 | Feature7 | Feature8
4 4 10
4 2
4 4 2
5 1
4 2
5 5 2
5
2( 33) 1( 3.2)

24



333 — (Mutual Information)

332
(Mutual Information)
2.2
(1) MI
2)
3) MI
“4)
MI
3.4 MI
0.1
(1) A B C
(2) B A
3) C A
A A {BC}
B B {A}
A {BC} A B

25



3.4 Ml

26

A B C
A ; 0.11937 0.1004
B 0.11937 . 0.059642
C 0.1004 0.059642 .
3.5 MI
0.1 A
A A _{DE}
3.5 MI
A B C D E
A ; 0.016558 | 0.024433 | 0.0348 1.302
B 0.016558 ; 0.036982 | 0.0379 | 0.6686
C 0.016558 | 0.036982 ; 0.026796 | 0.034679
D 0.024433 | 0.036982 | 0.026796 ; 0.037348
E 0.0348 | 0.0379 | 0.034679 | 0.037348 -
332 333




334

3.3.2 3.33
3.3
3.6 2(Feature5,Feature7,Feature8)
FeatureS | Feature7 | Feature8
A 4 4 10
B 4 2
C 4 4 2
D 5 1
E 4 2
F 5 5 2
G 6 5
34

3.4

27



3.6

(Feature5 Feature7 FeatureQ)

1. 3.3.2 333
2.
3. Feature5
Feature7 Feature§
4.
5.
6. Feature7
Feature8
7.
8.
9. Feature8
Feature7
10.
11.

3.6

3.6

3.6

28

3.7

Feature7 Feature§
34

3.8

Feature5

Feature5 Feature§

3.5

3.9

Feature5

Feature5 Feature7
3.9



3.7 1 3.9 3
Feature5 | Feature7 | Feature8 Feature5 | Feature7 | Feature8
A 4 4 10 A 4 4 10
C 4 4 2 C 4 4 2
F 5 5 2 F 5 5 2
D 5 1 G 6 5
3.8 2
Feature5 | Feature7 | Feature8
A 4 4 10
C 4 4 2
F 5 5 2
B 4 2
E 4 2
3.35
3.34
3.10
3.10
Feature5 | Feature7 | Feature8

A 4 4 10

B 4 3.9999 2

C 4 4 2

D 4.8311 5 1

E 4 3.9999 2

F 5 5 2

G 6 5 2.1252

29




[label] [Index1]:[valuel] [Index2]:[value2] ...
[label] [Index1]:[valuel] [Index2]:[value2] ...

label

Index

value

class

11:02:34:3

0

30

3.3.2 3.33
3.11
3.11 3.1
Feature | Feature | Feature | Feature | Feature | Feature | Feature | Feature
1 2 3 4 5 6 7 8

A 2 9 5 4.8514* 4 5 4 10
B 2 5 5 4 3.9999* 2
C 3 9 5 4.8645* 4 4 2
D 2 9 5 4 4.8311* 5 1
E 2 5 5 4 3.9999* 2
F 2 9 5.0014* 4 5 5 2
G 2 9 5 4 6 5 2.1252*

3.3.6 —

LIBSVM LIBSVM
(D
LIBSVM




)

svmtrain
(train)
"Model" model SVM
(predict)  model predict

train

svmpredict
model
(predict) (class)
3) LIBSVM
Matlab

LIBSVM

31



4.1 IRIS Plants

IRIS R.A. Fisher "The use of multiple
measurements in taxonomic problems" Annual Eugenics, 7, Part II,

179-188 (1936)

IRIS 4.1 IRIS Plants
Database
4.1 IRIS Plants Database
IRIS Plants Database
3 150
4.1.1

4.2 RIS Plants Database
4. 2 IRIS Plants Database

1 sepal length
2 sepal width
3 petal length
4 petal width
5

32



4.1.2

IRIS.data
5.1,3.5,1.4,0.2,IRIS-setosa
4.9,3.0,1.4,0.2,IRIS-setosa

(IRIS Setosa IRIS Versicolour IRIS
Virginica) 1,2,3
4.3
4.3 IRIS
Sepal length 4.3 7.9 5.84 0.83
Sepal width 2.0 4.4 3.05 0.43
Petal length 1.0 6.9 3.76 1.76
Petal width 0.1 2.5 1.20 0.76

4.1.3

0.1

0.5 0.9

33



4. 4 IRIS Plants Database

4.4

1 2 3 4 5

1 - 041242 | 0.15311 | 0.85828 | 0.88319

2 | 041242 - 0.16179 | 0.59619 0.498

3 0.15311 | 0.16179 - 0.23383 | 0.2796

4 | 085828 | 059619 | 0.23383 - 0.88259

5 | 0.88319 0.498 0.2796 | 0.88259 -
MI 0.1 ( 4.5)

1. Sepal _length { Sepal width, Petal length , Petal width }

2. Sepal_width { Sepal length , Petal length , Petal width }

3. Petal length { Sepal length , Sepal width , Petal width }

4. Petal width { Sepal length , Sepal width , Petal length }

4.5

|V, T B SN VS N \S)

N (N [ | W

W (W ks

A | [ | D

3.34

34




0.1 10%

0.5 50%
0.9 90%
0.9
(1) IRIS- -1
MI Sepal length { Sepal width ,
Petal length , Petal width } Sepal length

Sepal width , Petal length , Petal width

MATLAB 6.5 (Single
Hidden Layer Model)
10 4.1
=10l x|
= B
4.1 IRIS-1

35



3 10 1
Hyperbolic tangle function

pure linear function (weights)

(Sepal_length)

Performance

[ |
Bl Edd Yirw Jowet Jook Hwdow By
Pedormarce is 4. 5230005, Goal i= 0007
lig . : . : : :
10’ 1
1’ 4
% ' 4
% 1E|':
£ 1
4
! 4
il
1a’ 1 7] 3 -l 5 B 7 2}
Enp Tearing | 8 Epochs
4. 2 IRIS- -1
(2) IRIS- -2
MI Sepal width { Sepal length ,
Petal length , Petal width } Sepal width
Sepal length , Petal length , Petal width
(Single Hidden Layer
model) 10
IRIS- -1
(1) 3 10 1
Hyperbolic

36



tangle function pure linear function
(weights)
(Sepal_width)
4.3 190epoch Performance

J Tonaning with TEAINLM .-.lDJll
Bl Edd Fire Joaet Jook Hudow Eep

Parfarmance i 0LOD0SE5505, Goal = 0.0

Traning-Bhas Goal-Black

] . 40 Bl ED o0 13 140 180 130

S Teasning 190 Epochs
4. 3 IRIS- -2
(3) IRIS- -3
MI Petal length { Sepal length,
Sepal width , Petal width } Petal length

Sepal length , Sepal width , Petal width

(Single Hidden Layer
model) 10
IRIS- -1
(1) 3 10 1
Hyperbolic
tangle function pure linear function

(weights)

37



(Petal _length)
4. 4 1000epoch epoch

J Trwaning wish TEAINLM ...IDJll
Bl Edd Fire Jeat Jook Husdow Belp

1|:|'i Paformance is 0006810773, Gosl is /0,004

w'

=1

Traning-Bhaz Goal-Black
=]
) Y

e

—
(=]

0 10 20 30 400 S0 B0 TOD B0 900 1000

a0 Traning | 1000 Epache
4. 4 IRIS- -3

(4) IRIS- -4

MI Petal width { Sepal length , Sepal width ,
Petal length } Petal width Sepal length ,
Sepal width , Petal length

(Single Hidden Layer
model) 10
IRIS- -1
(1) 3 10 1
Hyperbolic

tangle function pure linear function

(weights)
(Petal _length)

38



4.5 1000epoch epoch

4.5 IRIS- -4

4.1.4

0.1 05 09
-10 4.6 -50
4.7 -10 10 4.8

39



-10

4.6

-50

4.7

10

-10

4.8

40



-10

51
90 % 50 %

42 46 48

45 46 49

43 43 47

44 45 48

Sy 41 42 48

49 44 48

46 43 47

45 41 49

40 43 46

42 41 45

48 47 48

48 48 50

44 45 47

47 49 50

Sy i 45 47 48

50 46 48

47 45 48

46 46 49

45 47 47

43 43 49

41

10%



-50

51
90 % 50 %

44 46 47

45 45 49

44 42 49

42 47 48

Sy 40 45 46

44 47 48

47 48 46

43 45 45

41 48 47

43 45 48

46 48 50

47 48 49

45 49 50

47 49 47

SV 45 47 48

46 50 48

47 48 48

43 48 46

46 47 49

43 47 49

42

10%



( -10 10
51

90 % 50 %
44 46 46
45 44 47
45 44 48
47 43 47

" 44 44 48
44 47 47
48 45 48
42 43 47
47 46 48
44 46 47
47 49 45
46 49 49
46 49 49
44 48 49
44 47 49

SVM

44 47 48
48 49 46
46 45 49
49 48 50
48 47 49

43

10%



4.1.5 IRIS Plants

( )
A
B (90%,50%,10% )
C ( -10
-50 -10 10
)
A
SPSS11.0 for windows 4.6
o M =U Ho pn  #u
a 0.05 F 61.89138 > F o, 65 = 3.86
HO
A (
45.344 47.256)
4.6
Source SS df MS F Sig.
A 164.356 1 164.356  61.89138 0.000
B 12.933 2 6.4665 2.435084 0.091
C 252.933 2 126.4665 47.62337 0.000
A*B 1.244 2 0.622 0.234226 0.791
A*C 22.711 2 11.3555 427613 0.015
B*C 47.933 4 11.98325 4.512521 0.002
A*B*C 5.489 4 1.37225 0.516747 0.724
Error 430.2 163 2.655556
Total 937.8 180

44



4.2 Glass Identification

4.7 Glass Identification

4.7 Glass Identification

Glass Identification

7 214

4.2.1

4.8  Glass Identification
4. 8 Glass Identification

1 Id number
2 refractive index
3 Sodium

4 Magnesium
5 Aluminum
6 Silicon

7 Potassium
8 Calcium

9 Barium
10 Iron
11 Type of glass

45



4.2.2

1,1.52101,13.64,4.49,1.10,71.78,0.06,8.75,0.00,0.00,1
2,1.51761,13.89,3.60,1.36,72.73,0.48,7.83,0.00,0.00,1
3,1.51618,13.53,3.55,1.54,72.99,0.39,7.78,0.00,0.00,1
4,1.51766,13.21,3.69,1.29,72.61,0.57,8.22,0.00,0.00, 1

4. 9 Glass Identification

refractive index 1.51115 1.53393 | 1.518353| 0.003039
Sodium 10.73 17.38 13.4068 0.81837
Magnesium 0 4 2.676 1.4405
Aluminum 0.29 3.5 1.4465 0.49988
Silicon 69.81 75.41 72.655 0.77405
Potassium 0 6.21 0.4991 0.65304
Calcium 543 16.19 8.9579 1.42643
Barium 0 3 0.18 0.498
Iron 0 1 0.06 0.098

46




423

0.1

0.5 09

MI 0.1
3.34
0.1
0.5
0.9

( 4.8)
( 4.12)
4.10

10%
50%
90%

47



4. 10 Glass Identification

1

2

3

4

5

[—

0.090571

0.19352

0.3892

0.26002

0.090571

0.11411

0.07507

0.11532

0.19352

0.11411

0.20818

0.11715

0.3892

0.07507

0.20818

0.17671

0.26002

0.11532

0.11715

0.17671

0.04593

0.14462

0.089513

0.15844

0.08024

-0.00347

-0.03271

-0.05016

-0.05658

-0.01476

0.18682

0.31466

0.085697

0.20166

0.13694

O [0 |9 | | | B~ W DN

0.24824

-0.002

0.094378

0.094188

0.1948

[E—
)

0.041206

-0.00402

0.051572

0.033388

-0.03448

4. 11 Glass Identification

-2

6

7

8

9

10

[S—

0.04593

-0.00347

0.18682

0.24824

0.041206

0.14462

-0.03271

0.31466

-0.002

-0.00402

0.089513

-0.05016

0.085697

0.094378

0.051572

0.15844

-0.05658

0.20166

0.094188

0.033388

0.08024

-0.01476

0.13694

0.1948

-0.03448

0.002319

0.14669

0.013888

-0.00064

0.002319

0.062372

0.001488

-0.06017

0.14669

0.062372

0.012789

0.03436

O [0 | | | | W

0.013888

0.001488

0.012789

-0.01879

[S—
S

-0.00064

-0.06017

0.03436

-0.01879
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4. 12 Glass Identification ( )

2 3 4 5 6 8

3 2 4 5 6 8 9 10

4 2 3 5 6 8 9

5 2 3 4 6 8 9

6 2 3 4 5 8

7 8

8 2 3 4 5 6 7

9 3 4 5

10 3

9
0.9

(1) Glass Identification- -1 ( )

MI Refractive index { Sodium, Magnesium,
Aluminum, Silicon, Calcium } Refractive index

odium, Magnesium, Aluminum, Silicon, Calcium

MATLAB 6.5 (Single
Hidden Layer model)
10 4.9
5 10 1
Hyperbolic tangle function

pure linear function (weights)
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(Refractive index)

( 2) - (Gla& )dentification- -2-9
Glass Identification-
-2 Glass Identification- -9
MI
MATLAB 6.5 (Single
Hidden Layer model)
10 4.9
JRI=TEY

B B

4. 9 Glass- -1
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4. 13 Glass Identification ( )

5 Refractive Sodium, Magnesium, Aluminum, Silicon,
index Calcium
_ Refractive index, Magnesium, Aluminum,
3 Sodium . ‘ _ .
Silicon, Calcium, Calcium, Barium, Iron
_ Refractive index, Sodium, Aluminum, Silicon,
4 Magnesium . . _
Calcium, Calcium, Barium
_ Refractive index, Sodium, Magnesium, Silicon,
5 Aluminum . . _
Calcium, Calcium, Barium
- Refractive index, Sodium, Magnesium,
6 Silicon . . . '
Aluminum, Calcium, Calcium, Barium
7 Potassium Calcium
. Refractive index, Sodium, Magnesium,
8 Calcium . . .
Aluminum, Silicon ,Potassium,
9 Barium Sodium, Magnesium, Aluminum
10 Iron Sodium
10 1
Hyperbolic tangle
function pure linear function (weights)
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<} View of New Network =10] ]

B B

h
—=
)
-

4. 10 Glass- -2
A( )

2 7

3 6

4 6

5 5

6 1

7 6

8 3

9 1
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424

0.1 05 09
-10 4.6 -50
4.7 -10 10 4.8
( -10
75
90% 50% 10%
34 48 36 47 47 49
“m 37 46 40 46 48 49
41 42 39 50 47 48
39 51 39 49 43 47
38 47 42 47 48 50
34 44 40 50 47 48
ooy L3 46 38 48 47 49
38 42 37 46 46 49
33 49 39 47 48 49
36 45 38 39 47 48
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-50

75
90% 50% 10%
39 48 40 48 44 48
32 46 45 46 49 48
SVM
39 41 45 46 45 49
36 50 40 43 48 50
36 43 42 46 47 49
38 46 43 47 48 47
35 46 45 47 46 50
SVM
32 40 43 46 45 49
37 41 42 46 45 48
36 44 43 46 46 47
( _10 10 )
75
90% 50% 10%
32 44 37 48 42 48
36 47 36 42 46 43
SVM
35 45 39 46 48 44
32 50 40 42 43 49
34 46 42 46 47 50
38 48 38 42 46 50
38 48 42 43 42 49
SVM
33 45 43 45 39 48
37 48 47 46 43 46
35 49 39 41 44 47
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4.2.5 Glass Identification Database -

oo}

( )
(90%,50%,10% )
( -10
-50 -10 10
A
SPSS11. hdfoomrs wi 4.14
Ho « =u Ho w #p
a 0.05 F 292.6933 > F 51163 =3-86
HO
(
40.722 46.576)
4. 14 (Glass identification )
Source SS df MS F Si g.
A 1537.089 1 1537.089 292.6933
B 41. 644414 2 20.82222 3.964979
C 1136. 844 2 568.4222 108.2393
A* B 31. 24444 2 15.62222 2.974709.
A* C 439. 24414 2 219.6222 41.8205¢
B* C 69. 35556 4 17.33889 3.30168:
A*B* C 77.82222 4 19. 45556 3.7047:
Error 856 163 5.251534
Tot al 4189. 244 180
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4.3 Letter Image Recognition

26
20 20
20000

4. 15 Letter Image Recognition

Letter Image Recognition

26 1987

4.3.1
4.16  Letter Image Recognition
4. 16 Letter Image Recognition

1. letter 10. y2bar
2. x-box 11. xybar
3. y-box 12. x2ybr
4. width 13. xy2br
5. high 14. X-ege
6. onpix 15 Xegvy
7. x-bar 16 y-ege
8. y-bar 17 yegvx
9. x2bar
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4.3.2

LETTER-RECOGNITION.DATA
T,2,8,3,5,1,8,13,0,6,6,10,8,0,8,0,8
1,5,12,3,7,2,10,5,5,4,13,3,9,2,8,4,10
DA4,11,6,8,6,10,6,2,6,10,3,7,3,7,3,9
N,7,11,6,6,3,5,9,4,6,4,4,10,6,10,2,8

26 (A,B.C, ... ,2)
1,2,3,...,26
4. 17 Letter Image Recognition

x-box 0 15 7.0355 3.30456
y-box 0 15 5.1218 2.01457
width 0 15 5.3725 2.26139

high 0 15 3.5058 2.19046
onpix 0 15 6.8976 2.02604
x-bar 0 15 7.5005 2.32535
y-bar 0 15 4.6286 2.69997
x2bar 0 15 5.1786 2.38082
y2bar 0 15 8.282 2.48847
xybar 0 15 6.454 2.63107
x2ybr 0 15 7.929 2.08062
xy2br 0 15 3.0461 2.33254
X-ege 0 15 8.3388 1.54672
Xegvy 0 15 3.6917 2.56707
y-ege 0 15 7.8012 1.61747
yegvx 0 15 7.0355 3.30456
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4.3.3

0.1 05 09

4. 18
0.1

4. 18 Letter Image Recognition

2 x-box y-box, width, high, onpix, x-ege

3 y-box x-box, width, high, onpix

4 width x-box, y-box, high, onpix, x-ege

5 high x-box ,y-box, width , onpix

6 onpix x-box ,y-box, width , high, x-ege , y-ege

7 x-bar y-bar, xybar, x2ybr

8 y-bar x-bar, xybar, x2ybr, xy2br, x-ege, xegvy, y-ege
9 x2bar y2bar, xybar, xybar, x2ybr, x-ege, y-ege,

10 y2bar x2bar, xybar, xybar, x-ege, y-ege

11 Xybar x-bar, y-bar, x2bar, y2bar, x2ybr, x-ege, y-ege,
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4. 19 Letter Image Recognition ( )

12 x2ybr x-bar, y-bar, x2bar, y2bar, xybar, x-ege, y-ege,
yegvx
13 xy2br y-bar
14 X-ege x-box, width, onpix, y-bar, x2bar, y2bar, Xybar,
x2ybr, xegvy, y-ege
15 Xegvy x2bar, x2ybr, x-ege
16 onpix, y-bar, x2bar, y2bar, Xybar, x2ybr, xegvy,
YR yegvx
17 yegvx x2ybr, y-ege
3.34
4.20 Letter Image Recognition ( )
2 3 4 5 6 | 14
3 2 4 5 6
4 2 3 5 6 | 14
5 2 3 4 6
6 2 3 4 5 |14 16
7 8 | 11 | 12
8 7 11 |12 | 13 | 14 | 15 | 16
9 10 | 11 | 12 | 14 | 16
10 9 | 11 | 14 | 16
11 7 8 9 |10 | 12 | 14 | 16
12 7 8 9 |11 | 14 | 15 | 16 | 17
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13

8
14 4 6 8 9 |10 | 11 | 12 | 15 | 16
15 8 |12 | 14
6

4.21 Letter Image Recognition ( )
2

16 8 9 [ 10 | 11 | 12 | 14 | 17
17 12 | 16
0.1 10%
0.5 50%
0.9 90%
16
0.9
(1) Letter Image Recognition- -1 ¢( )
MI x-box { y-box, width, high, onpix, x-ege
} x-box y-box, width, high, onpix,
X-ege
MATLAB 6.5 (Single
Hidden Layer model)

10 4.11
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<) Yiew of New Network =10] ]

S D

4. 11 LETTER- -1
5 10 1
Hyperbolic tangle function
pure linear function (weights)
(x-box)
( 2) - (Lettér)Image Recognition- -2-16
Letter Image
Recognition- -2 Letter Image Recognition- -16
MI
4.18
MATLAB 6.5 (Single
Hidden Layer model)
10 4.12
10 1

Hyperbolic tangle
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function pure linear function (weights)
o x
B B
10 1
4.12 LETTER- -2
A( A( )
2 4 10 7
3 5 11 8
4 4 12 1
5 6 13 10
6 3 14 3
7 7 15 8
8 5 16 2
9 4
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4.3.4

0.1 05 09
-10 4.6 -50
4.7 -10 10 4.8
( -10 )
687
0.9 0.5 0
325 323 417 369 528 552
SV M 297 317 416 398 522 555
321 295 398 387 527 550
299 293 402 403 542 536
312 298 407 405 555 519
373 335 454 403 535 554
SV M 351 362 435 415 531 559
339 343 423 418 533 556
350 353 420 427 543 546
340 325 425 426 556 526

63



( -50 )
687
0.9 0.5

312 282 384 403 539 532

Sy 262 312 415 408 532 542

283 298 408 382 546 548

313 305 416 385 537 537

309 336 427 426 536 535

320 333 422 440 539 537

291 343 448 429 541 547

>V 333 335 420 438 548 542

341 332 441 445 537 540

350 348 445 430 546 546

( -10 10 )
687

0.9 0.5

325 290 385 392 531 563

Sy 296 294 402 412 546 533

292 298 411 398 551 533

291 301 407 387 524 560

331 280 389 375 530 542

359 330 423 445 540 585

353 331 427 438 584 537

>V 350 348 428 412 583 543

342 321 427 433 582 590

361 335 430 401 562 562
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4.3.5 Letter Image Recognition

)
A
B (90%,50%,10% )
C ( -10
-50 -10 10
)
A
SPSS11. 0 w®r Windo 4 . 2 2
H, = u Ho pn  #u
a 0.05 F 153.8888 >
F(O.95;1,163) =3.86
HO
A (
412.078 440.278)
4.22 (letter image recognition )
Source SS df MS F Sig.
A 30368.02 1 30368.02 153.8888& 0.000
B 256.74 2 128.3722 0.650521 0.525
C 1509703 2754851.7 3825.183 0.000
A*B 1149.34 2574.6722 291213 0.058
A*C 5340.21 22670.106 13.53066  0.000
B*C  4296.69 41074.172 5.443327 0.000
A*B*C  794.62 4 198.6556 1.00668 0.409
Error 32166 163 197.3374
Total 1584075 180
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4.4

(Positron Emission Tomography PET)

PET

4.4.1

(a)

(b)PET

SUV

PET

(

PET

SuUvVv
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(c)tumormarker

e

tunormarker

(d)

(e)

IR

()

Y/N Y/N
Y/N Y/N
Y/N Y/N

Y/N




(2

X-Ta
1 -1
0
(h)Cancer
Cancer 1
4.23

| Cancer 0 1 16 0
2 17 ()

3 0 1 18 ( )

4 PET 0,1,-1 19 0

5 SUvV 20 ()

6 AFP 21 ( )

7 CEA 22 0

8 CA125 23 ()

9 CA153 24 X-ray 0
10 CA199 25 0
11 PSA 26 0
12 B 0 1 27 0
13 C 0 1 28 0
14 0 1 29 0
15 0 1
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4.4.2

(CA125 CA153

CA199 PSA)
-
4.24 -
1 Cancer 10 CA199 18
2 11 PSA 19 ()
3 12 B 20
4 PET 13 C 21 ()
5 SUV 14 22 X-ray
6 AFP 16 23
7 CEA 17 () 24
27
2 -
4.25 -
| Cancer 12 B 20
2 13 C 21 ()
3 14 22 X-ray
4 PET 15 23
5 SUV 16 24
6 AFP 17 () 25
7 CEA 18 26
10 CA125 19 () 27
11 CA153
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4.4.3

(a)

0.01 4.26
4.27
4.26 - -
16 16 17 18 19 20
17 16 17 18 19 20
18 16 17 18 19 20
19 16 17 18 19 20 21
20 16 17 18 19 20 21
21 19 20 21
24 24 26 29
26 24 26 29
29 24 26 29
(b)
4.27 - -
16 16 16
17 16 17
19 19 20
20 19 20
24 24 26 29
26 24 26 29
27 27 28
28 27 28
29 24 26 29
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(c)

4.28 - -
3 3 16 17 18 19 20
16 3 16 17 18 19 20
17 3 16 17 18 19 20
18 3 16 17 18 19 20
19 3 16 17 18 19 20
20 3 16 17 18 19 20
21 3 16 17 18 19 20
2 4 24 26 219
26 24 26 219
27 3 16 17 18 19 20
28 3 16 17 18 19 20
29 24 26 219
11
4.29
AFP CEA CA125 CA153 CA199
Cancer
PSA
( AFP CEA CA125 PSA
( AFP CEA CAl125 PSA
(B ) AFP
(C ) AFP
( ) CEA
( ) CA153 CEA
( ) X-ray
( ) AFP
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10%
50% 0.9
90%
4.4.4
0.1 05 09
-10 4.6

4.7 -10

72

0.5

0.1

10

-50
4.8



394

394

-10

0. . 5
238 242 240
238 248 237
SVM
236 241 240
238 246 243
236 242 244
242 243 242
248 248 240
SVM
239 243 242
246 246 245
245 244 245
-50
0. . 5
236 242 242
245 244 246
SVM
242 243 244
250 238 248
246 239 243
243 246 248
254 244 243
SVM
246 248 246
259 249 244
252 254 247
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394

4.4.5

oo}

-10
0.9 D.5
231 245 240
SV M 244 246 245
242 243 243
242 243 241
242 246 242
242 246 241
SV I 251 252 246
238 246 243
250 245 241
238 248 246
(90%,50%,10%
(
-50 -10
A
SPSS11.0 w®r Windo
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Ho «  =u H w #p
a 0.05 F 153.8888 >
F(O.95;1,163) =3.86
HO
A (
412.078 440.278)
4. 30 ( )
Source SS df MS F Sig.
A 291.6 1 291.6  23.5057 0.0000
B 60.16 2 30.08 2.42473 0.0987
C 182.96 2 91.48 7.3741 0.0013
A*B 72.6 2 36.3 2.9261 0.0623
A*C 24.07 2 12.035 0.9701 0.3890
B*C 139.91 4 349775 2.8195 0.0330
A*B*C 42.93 4 10.7325 0.8651 0.4962
Error 905.6 73 12.40548
Total 1719.82 90
4.4.6 PET
(PET)
( F-18 FDG)
FDG
( ) FDG PET

PET
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4.5

PET

4. 23

PET

30

1119
1086

4. 23

30

1086

1124

PET

SUV
69
PET SUV
69
MI
1119
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1155
1086
33

1155
1086
38

PET
1124



5.1

77

PET



PET
5.2

(1)

2)

(3) MI

4)

MI

PET
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Q1

Q2

Q3

Q4

332 333

(P.25)

(P.27)

0.9
0.9
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(P.31)

0.9



Q5

( feature )

Q1 libsvm
A SVM KDD CUP

libsvm

libsvm

Q2

Q3 (P.23) AB,C... 1,2,3...
A (P.23, P.24, P.26, P.29, P.30)

Q1

A (P.44, P.55, P.65, P.75)

Q2
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Q3

Q1

(P.22)

Q2

Q3

(P.7, P.8,P.9)

(P.69)
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